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ABSTRACT

MACHINE LEARNING TECHNIQUES FOR COMPUTATIONAL RADAR
IMAGING

AMMAR SALEEM
ELECTRONICS ENGINEERING Ph.D DISSERTATION, December 2024

Dissertation Supervisor: Prof. Selim Balcisoy

Dissertation Co-Supervisor: Prof. Mijdat Cetin

Keywords: Synthetic aperture radar, inverse problems, computational imaging,
deep learning, convolutional neural networks, plug-and-play priors, Discrete Cosine

Transform, loss functions

Computational imaging radar, such as Synthetic Aperture Radar (SAR), is a remote
sensing technology capable of providing imagery under all weather conditions and
during both day and night. In SAR, a synthetic aperture is created through the
motion of the mounted platform, which transmits a wideband chirp signal. Upon
reception, the received signal from the synthetic aperture is computationally syn-
thesized to form a SAR image. Despite its advantages, SAR is a complex, coherent
imaging system that produces complex-valued data. It has inherent limitations
due to factors like restricted bandwidth and limited look angles, which can lead
to speckle. Additionally, uncertainties in modeling the physics of SAR introduce
further complexity, leading to phase errors.

In this dissertation, we demonstrate solutions for SAR image reconstruction using
machine learning techniques. We introduce sparsity-driven SAR imaging using con-
volutional dictionary-based representation. However, this method does not perform
as well as k-SVD-based dictionary representation, due to its inherent limitations
in representation, particularly the requirement for piecewise smooth filters and low
global mutual coherence.

We have developed a framework for SAR image reconstruction using denoisers as
prior-incorporating functions in a Plug-and-Play prior configuration. BM3D-based
denoisers and CNN-based denoisers are explored, resulting in state-of-the-art per-
formance.

While CNNs as denoisers yield superior performance, they also have the potential
to remove artifacts and perform complex mapping from noisy to clean images. SAR
image reconstruction using full capability of a CNN was therefore required. We
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developed a framework that uses a generative network for SAR image reconstruction,
incorporating a prior-induced loss function in addition to CNN-based denoising of
complex-valued measurements.

Although CNNs have demonstrated remarkable performance in SAR image recon-
struction, they often lead to a washed-out or blurred effect. We hypothesize that
this issue arises from the loss function. To address this, we designed a new loss
function that balances denoising and texture preservation. The novel loss function
is based on the logarithmic discrete cosine transform, resulting in state-of-the-art
performance compared to other commonly used loss functions.

The uncertainty in modeling SAR physical phenomena is evident, resulting in phase
noise and making SAR image reconstruction (autofocus) a significant challenge. We
introduce a framework based on semi-supervised, CNN-driven autofocus, which not
only offers performance gains but also holds potential for further improvement in
SAR image reconstruction under model uncertainty.



OZET

HESAPLAMALI RADAR GORUNTULEME ICIN MAKINE OGRENME
TEKNIKLERI

AMMAR SALEEM
ELEKTRONIK MUHENDISLIGI DOKTORA TEZI, Aralik 2024

Tez Danigmani: Prof. Dr. Selim Balcisoy
Tez Es Danigmani: Prof. Dr Miijdat Cetin

Anahtar Kelimeler: Sentetik agiklikli radar, ters problemler, hesaplamali
goriintilleme, derin 6grenme, evrigimli sinir aglari, tak-caligtir onciilleri, Ayrik

Kosiniis Donitigtimii, kayip fonksiyonlari

Sentetik Agiklikli Radar (SAR) gibi hesaplamali gortintiileme radari, her tirlii hava
kosulunda ve hem giindiiz hem de gece goriintii saglayabilen bir uzaktan algilama
teknolojisidir. SAR’da, genig banth bir civilti sinyali ileten monte edilmis platfor-
mun hareketi yoluyla sentetik bir agiklik olusturulur. Alindiginda, sentetik acik-
liktan alinan sinyal, bir SAR goriintiisii olugturmak icin hesaplamali olarak sente-
zlenir. Avantajlarina ragmen SAR, karmasik degerli veriler iireten karmagik, tutarh
bir gortintiilleme sistemidir. Sinirli bant genigligi ve sinirli bakig agilar1 gibi fak-
torler nedeniyle beneklenmeye yol agabilen dogal sinirlamalart vardir. Ek olarak,
SAR fiziginin modellenmesindeki belirsizlikler daha fazla karmagikliga yol agarak
faz hatalarina neden olur.

Bu tezde, makine 6grenme tekniklerini kullanarak SAR goriintii yeniden yapilandir-
masi i¢in ¢oztimler gosteriyoruz. Evrigimli sozliikk tabanlh temsil kullanarak seyrek-
lik odakli SAR goriintillemeyi tanitiyoruz. Ancak bu yontem, 6zellikle parca parca
diizgin filtreler ve diisiik kiiresel karsilikli tutarhilik gereksinimi olmak tizere, tem-
sildeki igsel smirlamalari nedeniyle k-SVD tabanl sozliik temsili kadar iyi perfor-
mans gostermez.

Tak ve Caligtir 6n yapilandirmasinda 6n-birlegtirme iglevleri olarak giiriiltii gideri-
cileri kullanarak SAR goriintii yeniden yapilandirmasi i¢in bir cerceve geligtirdik.
BM3D tabanl giiriiltii gidericiler ve CNN tabanlh giiriiltii gidericiler aragtirildi ve
bu da en son teknoloji performansiyla sonuglandi.

CNN’ler giirtultii giderici olarak tistiin performans saglarken, ayni zamanda eser-
leri kaldirma ve giirtiltiiliiden temiz gortuntiilere karmagik esleme yapma potansiye-
line de sahiptirler. Bu nedenle, bir CNN'nin tiim yeteneklerini kullanarak SAR
goriintii yeniden yapilandirmasi gerekiyordu. Karmagik degerli 6l¢iimlerin CNN ta-
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banh gliriiltii gidermeye ek olarak, énceden olusturulmusg bir kayip fonksiyonunu
da igeren, SAR goriintii yeniden olugturma i¢in tiretken bir ag kullanan bir gerceve
geligtirdik.

CNN’ler SAR goriintii yeniden olusturmada dikkate deger bir performans goster-
mis olsalar da, genellikle soluk veya bulanik bir etkiye yol acarlar. Bu sorunun
kayip fonksiyonundan kaynaklandigini varsayiyoruz. Bunu ele almak i¢in, giirtiltii
giderme ve doku korumayi dengeleyen yeni bir kayip fonksiyonu tasarladik. Yeni
kayip fonksiyonu, logaritmik ayrik kosiniis doniigsiimiine dayanmaktadir ve diger
yaygin olarak kullanilan kayip fonksiyonlarina kiyasla en son teknoloji performan-
styla sonucglanmaktadir.

SAR fiziksel olaylarinin modellenmesindeki belirsizlik agiktir ve faz giiriiltiisiine ne-
den olur ve SAR goriintii yeniden olugturmay: (otomatik odaklama) 6nemli bir zor-
luk haline getirir. Sadece performans kazanimlar: sunmakla kalmayip ayni zamanda
model belirsizligi altinda SAR goriintii yeniden olugturmada daha fazla iyilegtirme
potansiyeli de tagiyan, yar1 denetlenen, CNN odakli otomatik odaklamaya dayali bir
gergeve SUNUyoruz.
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Chapter 1

Introduction

This dissertation presents machine learning-based solutions to computational imag-
ing problems, with a focus on SAR image reconstruction under limited measurement
data. It also provides a way forward for solving the autofocus problem caused by
errors in navigation information estimation. This chapter begins with a brief intro-
duction to computational imaging and the SAR imaging phenomenon. The motiva-
tion for this topic and the gap in existing research are then introduced. Lastly, the
structure of the dissertation is outlined.

1.1 Computational Imaging and SAR

Computational Imaging (ClI) is a eld that combines traditional imaging hardware
with computational algorithms to improve imaging capabilities and performance.

In imaging sensors, performance measures extend beyond resolution, contrast, and
noise suppression, and they are demonstrated in applications such as Magnetic Res-
onance Imaging (MRI), Computed Tomography (CT), Synthetic Aperture Radar
(SAR), Electronic microscopy, Astronomical imaging. The Computational Imaging
(CI) algorithms primarily rely on raw measurements, but may also incorporate op-
timization formulations with regularization based on prior information. The recent
advancements in Machine Learning (ML) and computational resources (e.g. Graph-
ics Processing Units (GPUSs), Tensor Processing Units (TPUs)) have brought Neural
Network (NN) into CI algorithms.

In SAR, measurement data is acquired similar to a conventional radar, but a large
aperture is synthetically created by algorithmically combining multiple Radar re-
turns on a moving platform, giving rise to the term Synthetic Aperture Radar. This
is primarily enabled by computational algorithms. SAR is a coherent imaging sensor
that is used since the 1960s, but its inherently ill-posed imaging nature remains an
open challenge to this day. SAR is an active imaging sensor that operates similarly



(a) Reference Image (b) Conventional Reconstruction

Figure 1.1 A visual illustration for comparison of Reference Image with high band-
width/observation angle against image reconstructed with low bandwidth/observa-
tion angles using conventional reconstruction method for a scene from TerraSAR-X
imagery of a copper mine at Chile in SAR spotlight mode.

to conventional radar, but uses a fan-shaped radiation beam with high transmis-
sion bandwidth. SAR operates in all weather conditions, day or night, and can

image objects that are hidden from optical or infrared (IR) imaging systems. This

provides additional information about the intended scene, such as ocean oil spills,
glacier melting, deforestation, soil water content, and hidden metallic structures or

sites.

1.2 Image Enhancement in SAR

Despite the numerous advantages of SAR, SAR imaging faces signi cant challenges,
including speckle noise, low resolution, artifacts caused by sidelobes, and irregular
Point Spread Functions (PSFs). Speckle occurs in coherent imaging when multiple
complex-valued scatterers within a resolution cell combine constructively and de-
structively, creating bright and dark spots, respectively, as shown in Fig. 1.1. These
speckle patterns are governed by both the bandwidth limitation and limited look
angles at the area under observation.

To e ectively utilize SAR images for various applications, it is essential to mitigate
the e ects of sensor limitations, processing artifacts, and environmental conditions
by improving SAR image reconstruction process. These applications include, but
are not limited to, analysis, interpretation, and decision-making. In literature, many
technigues have been formulated to mitigate the e ect of speckle noise. The broad
categorization of the techniques are

Techniques that post-process the image reconstructed using conventional meth-
ods, such as the Polar Format Algorithm (PFA) etc.

Noise and artifact reduction during image reconstruction process, model-based
2



image reconstruction.

The post-processing techniques often apply lters to the conventionally reconstructed
image. Filters such as Lee, Frost, Wiener, Median, and Wavelet are generally param-
eterized to reduce speckle after SAR image reconstruction. Recent advancements in
ML techniques have led to the use of CNNs for image denoising, and artifact miti-
gation through generative networks like Generative Adversarial Networks (GANS).

Noise reduction during image reconstruction process starts with correction of geo-
metric errors and spatial distortion. Regularization-based methods have introduced
incorporation of prior knowledge to reduce the e ects of noise and artifacts. These
methods also account for the complex-valued nature of SAR measurements and ad-
dress the reconstruction irregularities caused by geometric errors which result in
incorrect modeling of the phenomenon, known as phase errors in SAR history mea-
surements.

1.3 Contributions of this Dissertation

Focusing on despeckling algorithms, CNNs have become dominant in SAR image de-
speckling, achieving state-of-the-art performance. CNN-based SAR image despeck-
ling methods excel at learning complex features in an image, but often struggle with
blurring, resulting in a loss of texture information in SAR imagery. One major cause

is the inappropriate use of generic loss functions for despeckling, which tend to pro-
duce a washed-out blurring e ect or introduce artifacts during the denoising process.
The major contribution of this dissertation is the design of a new loss function for
an existing CNN architecture that is aimed at reducing washed-out blurring e ects
and is capable of enhancing edges and small-scale features, and suppressing noise.
The proposed loss function is based on the logarithm of Discrete Cosine Transform
(DCT), to maintain a nuanced equilibrium between high and low energy features
in an image, while ensuring acceptable noise suppression. We demonstrate that the
proposed loss function not only enhances multiple objective metrics but also o ers
considerable advantages in terms of visual quality.

The second contribution of this dissertation is the exploration of regularization-
based methods that incorporate prior knowledge into the SAR image reconstruction
process. We begin with Convolutional Sparse Representation (CSR) as a learnable
prior function using existing dataset, and then adapt it for noise mitigation and arti-
fact removal during SAR image reconstruction process. Due to inherent limitations

1The work resulted in a publication in IEEE Journal of Selected Topics in Applied Earth Observations and
Remote Sensing (JSTARS) Saleem, Alver & Cetin (2024)
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of CSR, denoising algorithms under Plug-and-Play Prior (B framework are used
as prior incorporating functions. The prior incorporation through P framework
with CNN as a powerful prior-learning function and BM3D Itering algorithm is
discussed.

In a regularization based framework, using a CNN as denoiser - is a limited ap-
plication of its mapping capability. Therefore, our third contribution focusing on
designing a framework that utilizes an artifact-removing CNN as a generative net-
work, while maintaining a model-based SAR image reconstruction process.

The fourth contribution is SAR image reconstruction under phase errors, also known
as autofocus. We have designed a semi-supervised learning mechanism for a CNN
to mitigate the e ects of phase errors during known image reconstruction process,
in iterative steps. The convergence limitations of Phave also been addressed with
an additional complexity of phase error compensation.

1.4 Organization

In Chapter 2, we provide a brief introduction to general computational imaging prob-
lems, an overview of the SAR imaging phenomenon, a discussion of algorithms for
solving large-scale problems, and conclude with an exploration of machine learning
applications in imaging tasks.

In Chapter 3, we focus on regularization-based SAR imaging using a learnable
dictionary-based sparse representation approach to incorporate prior information.
We propose a sparse representation formulation based on Convolutional Sparse Cod-
ing (CSC) and Convolutional Dictionary Learning (CDL), employing the Alternating
Direction Method of Multipliers (ADMM) algorithm to integrate measurements, the
model, and prior-incorporating functions for the SAR image reconstruction frame-
work.

An extension to ADMM, is known as Plug-and-Play Prior (F). In Chapter 4 we
formally apply P3 to SAR image reconstruction process, utilizing a denoising Con-
volutional Neural Network (CNN) and Block-Matching and 3D Filtering (BM3D)
denoising algorithm as prior-incorporating functions. While CNNs as denoising
functions represents a limited use of its capabilities, in Chapter 5 we propose a
framework that employes an artifact removing CNN and a generative network for a
model-based SAR image reconstruction process.

2This method has been collaboratively developed with a fellow PhD student, and constituted a chapter in
his dissertation Alver, Saleem & Cetin (2020).
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While CNNs perform state-of-the-art as denoising and artifact removal, they often
introduce blurring e ect during prior incorporation. In Chapter 6, we hypothe-
size that this limitation arises from the incorrect use of loss function during CNN
training, (e.g. to suppress speckle noise, in our case). We introduce a new loss func-
tion, based on the Mean Squared Error (MSE) of the logarithmic Discrete Cosine
Transform (DCT), which reduces the blurring e ect and enhance speckle reduction.

Chapter 7 focuses on SAR imaging with phase measurement inaccuracies leading to
model errors. In this chapter, we leverage the mapping capability of CNNs using
large amounts of input-output data to learn models errors caused by measurement
inaccuracies and use Regularization by Denoising (RED) as a prior-incorporating al-
gorithm for SAR image reconstruction in semi-supervised scheme. Lastly, in Chapter
8, we conclude the dissertation.



Chapter 2

Background

This chapter provides a brief introduction to general computational imaging prob-
lems, an overview of the SAR imaging phenomenon, a discussion of algorithms for
solving large-scale problems, and concludes with an exploration of the use of machine
learning in general imaging tasks.

2.1 Computational Imaging

Computational imaging (Cl) is a process or system that uses algorithms to generate
images from imperfect physical measurements. These imperfections are typically ad-
dressed by incorporating prior knowledge about the speci c imaging scenario. The
system estimates the image of interest, by using an analytical relationship between
the target scenario and the measurements, known as the forward model, with an
analytical function that leverages prior knowledge to correct for measurement imper-
fections, commonly referred to as a regularizer. The estimation problem is generally
formulated as an optimization problem, aiming to balance the contributions from
raw measurements through the forward operator and corrections introduced by the
regularizer.

The use of Cl instead of conventional imaging is primarily due to its ability to in-
terpret hidden or incomplete information in the measurements. Cl addresses these
challenges while enabling new possibilities in system design by eliminating the tradi-
tional requirement for raw measurements to meet strict spatial accuracy and delity
metrics with respect to the scenario of interest. As a result, it is no longer neces-
sary to fully correct all irregularities during measurement acquisition, computational
algorithms can handle some corrections, albeit at the cost of increased computation.

Cl systems has garnered signi cant attention over the past decade, driven primarily
by the exponential growth in computational and processing power. Examples of
these systems include computational microscopy, CT, MRI, SAR, seismic imaging,
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Figure 2.1 SAR Geometry, where the SAR system is installed on aerial platform
and moving along ight path in azimuth direction, the look angle is and covers a
swath distance in the range direction. The EM waves travels along the slant range
which is more than the ground range measure from line of Nadir. The picture is
taken from website of Alaska Satellite Facility by NASA. Lauknes (2011)

and many others. This dissertation focuses speci cally on SAR imaging and will be
discussed in detail in subsequent sections.

2.1.1 Synthetic Aperture Radar Imaging

SAR is an imaging radar system comprising an active sensor mounted on a moving
platform. Its fundamental principle is similar to conventional radar, where a receiver
captures backscattered echoes from transmitted EM waves. However, SAR intro-
duces an additional translation due to the platform's motion during the sequential
transmission and reception of pulses. This motion, combined with the coherent inte-
gration of received signals, creates a virtual aperture much larger than the physical
antenna length, giving rise to the term Synthetic Aperture. The geometry of SAR

is illustrated in Figure 2.1.

SAR imaging operates in two distinct modes: stripmap and spotlight. In stripmap
mode, the antenna beam remains xed relative to the radar platform, sweeping over a
strip of the ground. In spotlight mode, the antenna is continuously steered to focus
on a xed area. High-bandwidth pulses, typically Linear Frequency Modulation
(LFM) waveforms, illuminate the target area (radiusL), and the resulting echoes
are received and processed. The basic observation geometry for spotlight mode SAR
imaging is shown in Figure 2.2.



Figure 2.2 SAR observation ground plane geometry for spotlight-mode. SAR
mounted on an aircraft traversing along the region of interest (a circular region
-L to L) at a distanceR while illuminating at various observation angles ().

2.1.2 SAR Observation Model

This section provides the preprocessing of the received signals in the spotlight-mode
SAR, based on the tomographic derivation in Munson, O'brien & Jenkins (1983),
and very closely follows the development in Cetin (2001). In SAR, the LFM wave,
also known as a chirp signal, is transmitted in the form of EM waves towards the
area of interest and can be modeled by the following equation:

s(t) = Refexpfj (! ot + t ?)]g (2.1)

here ! o is the center frequency and2 is the so-called chirp-rate. A complete
aperture is considered for spotlight mode, while sub-apertures are used for stripmap
mode of SAR Lopez, Laviada, Arboleya & Las-Heras (2023); Yegulalp (1999). The
received signaly (t) at aperture look angle results into a manipulated transmitted
chirp signal with the projection p (u) of the re ectivity eld f (x;y):

z

qt)=  p@expillot o (U+ (t o (u)?du (2.2)
il

p (u)=

X2+y2 L

, (u xcos ysin )f (x;y)dxdy (2.3)

where, o represents the time required for the transmitted signal to propagate to the
scene center and back, and is the radius of the illuminated area. The data used for
imaging are obtained after a preprocessing operation involving mixing and ltering
steps Jakowatz Jr., Wahl, Eichel, Ghiglia & Thompson (1996). In particular, the
returned signal is rst multiplied with delayed in-phase and quadrature versions of
the transmitted chirp signal. Then after several further steps and approximations,
by using the projection-slice theorem Kak, Slaney & Wang (2002), the pre-processed
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SAR datar (t) can be identi ed as a band-pass Itered Fourier transform of the
projections of the eld Munson et al. (1983),

z
r(t)= " I_p (wWexp( jUu)du (2.4)

whereU = %(! o+t2 (t o)), cis the speed of the light. Substituting Equation 2.3
into Equation 2.4 we obtain the relation between the re ectivity eld f (x;y) and
the pre-processed phase histony (t):

zz

r(t)= , sz (x;y)expf jU (xcos + ysin )gdxdy (2.5)

X2+y
All returned signals from all observation angles constitute a patch from a two-
dimensional spatial Fourier transform of the corresponding eld re ered to as phase
histories and lie on a polar grid in the 2D frequency domain. The corresponding
discrete model including all returned signals is as follows:

2 3 2 3
1 1

:2 = :2 f (2.6)

e By

r H

wherer . is the vector of observed sample$] , is a discretized approximation to
the continuous observation kernel at the observation angle,, f is a complex-valued
vector representing the unknown sampled re ectivity eld. The phase histories are
given byr = Hf . If we consider the presence of measurement noise, the discretized
observation model becomes

y=Hx +n (2.7)

Here, n represents measurement noise, which is assumed to follow a circular Gaus-
sian distribution with a standard deviation of  Alver et al. (2020). The noisy
observations,y, denote the column-stacked phase history, obtained by interpolat-
ing the polar-formatted phase history onto a uniformly sampled rectilinear grid.
The complex valued vectorx represents the unknown sampled re ectivity image,
re-notated for clarity.

In Cetin & Karl (2001), the observation modelH is described as a band-limited
two-dimensional spatial Fourier transform of the re ectivity eld x, assuming no
phase noise. Here, we express the observation modelkass PF, where P is a
sparse matrix that characterizes the bandwidth and observation angle limitations,
controlled by L, and F represents the two-dimensional spatial Fourier transform.

9



2.1.3 SAR Apertures

The discrete forward modelH can be expressed as the product of a data selection
matrix P and the full Fourier transform matrix F. The data selection matrix P
encodes aperture limitations and sparsity, primarily due to limited bandwidth and
look angles, which result in structured sparse apertures. Another sparse-aperture
scenario arises from missing look angles during the observation process or from
omissions in the frequency band, leading to unstructured or randomly distributed
sparse apertures.

Several non-traditional sensing scenarios, such as those involving unmanned aerial
vehicles (UAVS) with complex motion around the scene, as well as multi-static and
passive sensing, can also lead to irregular and sparse apertures. Figure 2.3 shows
typical data selection matrices that illustrate the e ect of data availability, de ned

in terms of the percentage 1.

2.1.4 Conventional Reconstruction / Solution

In this dissertation, we use partial or complete apertures, treating the SAR system
as operating in spotlight mode. Noisy or missing observations, which su er from
imperfections, result in artifacts in conventional reconstruction, such as uncorrelated
speckle, sidelobes, and limited resolution. In principle, one can attempt to solve
Equation 2.7 by multiplying y by the generalized inverse ofl.

2=HMy (2.8)

or,
2=(H"H) tH"y (2.9)

However, such a solution can be sensitive to noise. According to Yegulalp (1999),
Cruz, Véstias, Monteiro, Neto & Duarte (2022), and Lépez et al. (2023), Fourier-
based backpropagation algorithms are suitable for all types of ight paths, whether
it is a straight line for stripmap mode or a curve/circle for spotlight mode. The key
di erence lies in the use of the aperture during the integration process.

The SAR observation model and its discrete, noisy version in Equation 2.7 assume
perfectly known aircraft location and ideal propagation media, which implies perfect
knowledge of the phase of the collected measurements. However, these assumptions
may not always hold, leading to erroneous estimations of the underlying scene from
the measurements. Therefore, it is crucial to account for unknown phase errors.

1Figure reproduced from our published book chapter Saleem, Giingér, Alver, Giiven & Cetin (2024)

10



(a) =50% (b) =70% c) =90%

(d) =50% (e) =70% (f) =90%
(9) =50% (h) =70% () =90%
() =50% (k) =70% () =90%

Figure 2.3 Data selection matrixP depicted with white and black color showing
available and unavailable phase history samples, respectively. The rows of the ma-
trix represent the frequency selectivity while the columns relate to look angle
selectivity. Each row of the gure represents a particular type of selection matrix
(from top to bottom; 2D-rectangular, 2D-random, 1D-linear, 1D-random) and is

data availability level.
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This work focuses on image reconstruction followed by phase error reduction.

One of the widely used and computationally e cient approaches to solve Equa-
tion 2.7 is the PFA Cruz et al. (2022), which can also be implemented using an
inverse Fast Fourier Transform (FFT) Jakowatz Jr. et al. (1996) for enhanced com-
putational e ciency. The estimated re ectivity eld 2R obtained from the PFA is
referred to as the conventional reconstruction.

The Equation 2.7 de ned asy = Hx + n is similar to forward model equation of a
linear system and thus algorithms designed for Cl can be tailored to solve the SAR
imaging system. The properties of this forward model are specic to SAR imaging
phenomenon.

2.1.5 Computational Imaging Solution to SAR Imaging

Cl paves way to solving SAR imaging problem by converting the linear system
Equation 2.7 to an optimization problem with incorporation of prior knowledge.
This can be formulated as

L(x)=ky Hxki+ g(x) (2.10)
R =argmin L(x): (2.11)

Here g( ) is the prior incorporating function and maintains the balance between
prior knowledge and measurement model. Many state-of-the-art methods exists for
solving this optimization function, with these methods being tailored to the specic
problem.

In general, SAR scenes are largd 10 pixels in one dimension) as compared to
typical image sizes of optical camera266 4k pixels in one dimension). Therefore,

it is necessary to adapt algorithms primarily designed for large-scale problems. The
subsequent sections introduce a few of these algorithms.

2.2 Algorithms for Solving Large Scale Problems

The aim of this dissertation is to present various algorithms that enhance SAR imag-
ing performance. These algorithms are often formulated as optimization problems.
Since SAR images are typically large, algorithms that require extensive computa-
tion to the additional challenge of long computation times. To address this, certain
algorithms are speci cally designed to solve large-scale optimization problems, such
as those in SAR imaging. Among these, ADMM is widely used and is described in
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the following section.
2.2.1 Alternating Direction Method of Multipliers
Consider the unconstrained optimization problem
R =argminf (x)+ g (x) (2.12)
X

The idea of ADMM is to convert Equation 2.12 into the following constrained prob-
lem by variable splitting:

fR;¢g=argminf (x)+ g (v) subject tox = v (2.13)
XV
Next, consider the augmented Lagrangian function corresponding to Equation 2.13:
L(x;viu)=f(x)+ g(V)+u'(x v)+ ékx vkg (2.14)

where is the penalty parameter of the ADMM.

The minimizer of Equation 2.13 is the saddle point of., which can be found by
solving a sequence of sub-problems, i.e., the ADMM iterations, which, staled
form, are given by Boyd, Parikh, Chu, Peleato, Eckstein & others (2011):

2
x®*D = argmin f (x) + 5 X (k) ) (2.15)
X
2
v =argmin g (v)+ 5V w(K) ) (2.16)
\
u(k+1) - u(k) +(X(k+1) V(k+1)) (217)

where u®) | (1= )u® is the scaled Lagrange multiplier,x®) , v(K) yk) and
v x K+ 4 4K Under mild conditions, e.g., when bothf and g are closed,
proper and convex, and if a saddle point oL exists, it can be shown that the
iterates Equation 2.15-Equation 2.17 converge to the solution of Equation 2.13.

2.2.2 Plug-and-Play Prior

Plug-and-Play Prior (P3) algorithm is a special case of ADMM where Equation 2.16
is replaced with an algorithm, that more commonly incorporates prior knowledge. To
understand P algorithm, lets rewrite the ADMM algorithm in a form a bi-variable
constraint problem.

argminf (x)+ g(z) such that Ax+ Bz= ¢ (2.18)
Xz
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Considering, Equation 2.18 wher&(x)+ g(z) is the objective function wherex and z
are two multidimensional variables that are inter-related linearly. The formulation is
referred asscaled-form as de ned by Boyd et al. (2011). Consequently, the algorithm
involves solving the following equations iteratively, with iterations represented by

x0+D = argmin f (x)+ SliAX+ Bz0) ¢+ u®jj3 (2.19)
X

2(+1) = argmin g(z) + éjjAX(j D 1+Bz c+ U(j)jj% (2.20)
z

ul+D) = y0) + ax(+D) y g2+ ¢ (2.21)

According to Venkatakrishnan, Bouman & Wohlberg (2013), solving Equation 2.19
Is equivalent to observation model. Equation 2.20 is replaced with an algorithm
designed to incorporate prior information, and the last Equation 2.21 is merely an
update equation. an extension of ADMM, B, is a powerful framework that decou-

ples the prior-incorporating algorithm from observation model, making it applicable
to solving general inverse problems.

2.2.3 Regularization by Denoising

Regularization by Denoising (RED) is a relatively new framework that o ers, the
optimization method to be used as prior incorporation function as compared to
ADMM or P 3. RED is based on a structured and smooth penalty term designed to
regularize any desired inverse problem. The optimization function to minimize in
this method is as follows:

L(x)= ;xT(x f (x)) (2.22)

In this approach, the denoising engine is applied to the candidate image and the
penalty is proportional to the inner product between the image and its denoising
residual,x f (x). This smoothness regularization e ectively uses an image-adaptive
Laplacian, which is de ned by the chosen image denoising engirid,). Under mild
assumptions onf (), the gradient of the regularization term remains manageable.
Therefore, according to Romano, Elad & Milanfar (2017), RED can handle any
inverse problem by iteratively applying the denoising engine.

2.3 Computational Imaging with Machine Learn-

ing
Machine Learning (ML) refers to the development of algorithms or statistical models
that allow computers to perform tasks based on data, without explicit programming.

Traditionally, tasks were accomplished through handcrafted instructions tailored
14



to specic problems. However, the growth of inherent non-linearity in systems'
complexity, increase in computational resources, and the abundance of data, machine
learning has become a crucial component in mainstream decision-making systems.

A major class of functions in ML are Neural Network (NN)s, which are over-
parameterized non-linear functions. NNs are organized in layers of non-linear pro-
cessing units, interconnected within a speci ¢ architectural framework. Until two
decades ago, NNs were typically limited to three layers. However, with advance-
ments in computational power and the development of Convolutional Neural Net-
work (CNN), these networks have evolved to include many layers , leading to what
are now known as Deep Neural Networks (DNNSs).

NNs and DNNs contain a large number of parameters, called weights, which are
learned from data through a process known as training. Training is an optimization
routine aimed at minimizing a cost function, which is typically tailored to the speci c
problem at hand. The use of optimization in both CI and ML brings these two elds
together to solve complex real-world problems. A common loss function used in this
context is Mean Squared Error (MSE), and is de ned as follows:

X
L( )= k (xi; ) Xjk3; (2.23)
(Xixj)2

here ¢ is the training dataset, () is the DNN function with learnable weights
and (xj;x;j) are ordered samples of training dataset.

In summary, a key distinction between traditional Cl and ML lies in how optimiza-
tion is handled. In CI, optimization must be performed for each imaging operation,
whereas in ML, optimization occurs during the training phase of DNN aimed at
minimizing. This advantage is due to non-iterative architecture of trained DNNSs,
allowing for rapid execution during imaging operations. These di erences highlight
the potential of ML techniques in improving the e ciency of computational imaging
systems. The next chapter will explore how these concepts are applied in the context
of SAR imaging and how machine learning can further enhance image reconstruction
and processing.
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Chapter 3

Sparsity-driven SAR imaging

The application of computational imaging (Cl) to SAR imaging has seen signi -
cant advancements, particularly with the incorporation of sparsity-based methods.
One of the earliest contributions in this area aloowing for leveraging sparsity for
feature enhancement Cetin & Karl (2001). Over time, sparse representation us-
ing dictionaries as prior functions became a widely adopted approach within the
Cl community Aharon, Elad & Bruckstein (2006). In the context of SAR image
reconstruction, sparsity-driven representations utilizing overcomplete and learnable
dictionaries of the magnitude of the re ectivity eld, were introduced as prior func-
tions So8anl & Cetin (2014). More recently, Venkatakrishnan & Wohlberg (2019)
expanded this approach by incorporating convolutional dictionaries for sparse rep-
resentation, further enhancing the ability to model complex imaging scenarios. This
chapter explores the evolution of these techniques and their impact on improving
SAR image reconstruction.

In this chapter, we rst introduce sparsity-driven point-region enhanced features
and a learnable dictionary-based sparse representation approach to incorporate prior
knowledge into SAR imaging, using a learnable k-Mean Singular Value Decomposi-
tion (KSVD) dictionary. We then propose a sparse representation formulation based
on CSC and CDL, followed by experimentation and a discussion of their e cacy in
comparison to earlier sparsity-driven SAR imaging techniques.

3.1 Sparsity-driven Point-Region Enhanced Imag-
ing

Many SAR applications rely on the identi cation of dominant point scatterers and
homogeneous regions, making the enhancement of these features crucial. However,
due to the limited resolution and high sidelobe levels of SAR systems, achieving
optimal performance can be challenging. This necessitates further enhancement of
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both point features and homogeneous regions to improve image quality and inter-
pretability.

Given the formulation in Equation 2.7 and the later expression in Equation 2.10 for
the CI solution incorporating g(x) as a prior function, the following optimization
problem, as de ned in Cetin, Karl & Castafion (2003), is used to achieve feature-
enhanced SAR image reconstruction:

L(x)= ky Hxk3+ 1KixjkE+  2krj xjkp; (3.1)
R =argmin L(X); (3.2)
X

wherep 1, r is a 2-D derivative operator,jxj denotes the vector of magnitudes
of the complex-valued vectorx, and 1, 2 are scalar parameters. The rst term
in the objective function of Equation 3.1 is a data delity term. The second and
third terms incorporate prior information regarding both the behavior of the eld
X, and the nature of the features of interest in the resulting reconstructions. The
optimization problem in Equation 3.2 can be solved by using an e cient iterative
algorithm proposed in Cetin & Karl (2001), based on half-quadratic regularization.

3.2 Learnable Dictionary Prior for Sparsity-driven
SAR Imaging

So8anl & Cetin (2014) proposed a sparsity-based technique for SAR imaging by
using overcomplete dictionaries to sparsely represent the magnitude of the complex-
valued eld. In this approach, one of the most widely used dictionary learning
methods, K-mean SVD Aharon et al. (2006), is reformulated for SAR imaging,
where the dictionary and sparse coe cients are jointly updated. The selection of an
appropriate choice of a suitable dictionary that accurately represents the character-
istics of the underlying scene is essential. Therefore, learning sparsifying dictionaries
and integrating these learned dictionaries into the reconstruction process has been
shown to signi cantly enhance performance in sparsity-based radar imaging.

Given Equation 2.10, following is the optimization problem de ned according to
So8anl & Cetin (2014) dictionary-based sparse representation is formulated as fol-
lows:

X X
L(x;D;f sg)= ky Hxk3+ KEsjxj D sk3+ <k ski;  (3.3)

S S

fR:0:f Asgg: aré;rfnin L(x;D;f s0): (3.4)
X051 sg
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Heref g represents set of all sparse coe cients vector for a learnable dictionary
D. E is the patch conversion matrix with subscripts denoting patch location in an
image containing magnitudejxj of re ectivity eld x.

The formulated optimization problem consists of three terms

N

First is the data delity term

Second is sparse representation of each patch extracted from estimated SAR
magnitude of re ectivity eld

Measures the sparsity of the patch representation

The parameter controls the weight given to the prior function relative to the data
delity term, and it depends on the level of measurement noise. The solution to
Equation 3.4 is obtained through an alternating optimization procedure, where each
variable is updated one at a time while keeping the others xed. The dictionar is
learned o ine using the training dataset ¢ with the k-SVD algorithm, as described
in Aharon et al. (2006).

3.3 Convolutional Dictionary Prior for Sparsity
driven SAR Imaging

Bristow, Eriksson & Lucey (2013) formulated a technique for CSR, which was later
extended by Wohlberg (2015) to present e cient algorithms for CSR in convolutional
basis pursuit denoising. Building on this work, we adapt the algorithm for complex-
valued SAR image reconstruction.

The CSR as described by Wohlberg (2015), is applied to the high frequency compo-
nents of magnitude of re ectivity eld xm.n = jXj G (jXj). HereGis a low pass Iter
with a normalized bandwidth by 8 0<bg < 1. The CSR can be de ned as follows:

X X , X
Xmh= dp~ p 8 —argmink dp~ p Xmnki+ kK pki (3.5)
p P p p
hered, are the p™ convolutional dictionary Iter corresponding to p" sparse coef-
cient p, convolved together with operator~. There are three other variants of
CSR and will be discussed in the later sections. This representation in Equation 3.5
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is used as CDL prior for SAR image reconstruction formulated as follows:

X X
L(x;fdpg;f p@)=ky Hxks+ 1k dp~ p Xmnk3+ 2 k pki;  (3.6)
p P

fk;fd\pg;f Apgg: argmin L (x;fdpg;f ,0): (3.7)
x;fdpaif pg
herexm = jxj, and the de nition of rstterm ky Hx k3, as de ned before can be
declared as data delity term. The second termk pdp~ p Xmnk3 is the CSR
P . . .
and k pki is the sparse incorporation / measurement term.

The solution to optimization problem in Equation 3.7 is solved via ADMM, as
introduced in Section 2.2.1. The formulated ADMM equations using pre-learned
dictionary lters fdpg, that are iteratively solved with iteration k, are as follows:

2
X
Lx(x)=ky Hxk3+ 1 dp~ $+6(x®) xm +

P 2
« 2
5 o= 0+ G(x{)  xm+u® (3.8)
P 2
x &*1) = argmin Ly (x) (3.9)
X

2
X X
L (f pg)= 1 dp~ p+GxED)y xID w57 k kgt

P 2 P

y 2
5 o~ p+ Gx Dy x kD) 4y (3.10)

p 2
f pg®™ =argminL (f ,0) (3.11)

f pg
X

Gk+D) = 0 4 5 G D+ G(x D) éng;;l) (3.12)

p

heref pg represents set of all dictionary coe cients with indexedp.The detailed
solution to each equation will be discussed in the subsequent sections. The solution
to Equation 3.9 is the primary image reconstruction process that includes CSR as
prior incorporating function. The overall ADMM iterations start with CDL using a
training dataset as the rst step. The learned dictionary is then applied to CSR and

iIs embedded in the SAR image reconstruction process according to Equation 3.9.

3.3.1 Convolutional Dictionary Learning

ConsiderP individual dictionary Iters dp 8 p2f1;:::;Pg. Let ¢ be the training
dataset containing re ectivity eld x; 8 j 2f 1,Jg. The CDL is performed on high
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frequency components of magnitude of; represented agx;jn = jXjj G (jxjj). The
loss function and its corresponding optimization function for CDL is as follows:

2

¥ F PN
L(fdpgif po) = > IXjIn dp~ pj + K piky (3.13)
N o j=1 p=1 2 j=1p=1
fdpo;f ~pjg = argmin L(fdpg;f p;j0) (3.14)

fdpgf pjg

here f &g represents the set of all learned dictionary Iters, common to the entire
dataset, andf ~p;j g is the set of all coe cients learned for each dictionary Iter and
for each image in the training dataset. The solution to the optimization problem
in Equation 3.14 is obtained through alternate minimization with respect to the
dictionary lters and their corresponding coe cients. Wohlberg (2015) provides a
detailed formulation and solution for the dictionary Iter learning and coe cient
computation. Briey, the solution leverages the Discrete Fourier Transform (DFT)
due to the presence of the convolution operator, reducing the minimization problem
to solving a system of linear equations.

3.3.2 SAR re ectivity eld estimation

There ectivity eld x=jxj exp(@= X m= m ,wherexy, = jXjis the magni-
tude of re ectivity eld represented in vector form, is element-wise multiplication
operator, =exp( @ is the phase ofx with @2f ; g, is the matrix rep-
resentation of vector with elements placed at diagonals, and , is the matrix
representation ofxy, vector with elements placed at diagonals. Equation 3.9 can
be solved by converting the problem into two sub-problems, one related @, and
other with . With the learned dictionary f dpg, let xﬁ'f) =P pdp~ fok) + G(xﬁ'f))
then Ly in Equation 3.8 can be re-written as:

2 2
Luxmi )= ky Hx mk3+ 1 %0 xm + 5 x® xm+u®  (315)

Using rst principles to solve the quadratic objective function, we subdivide the
problem in Equation 3.15 into two sub-problems: one for phase updates and one for
magnitude updates. These sub-problems are solved alternately to reach a minimum.

3.3.2.1 Magnitude Update

In the magnitude update we formulate Equation 3.15 with derivative wrk,, leading
to the following system of linear equations:

HHARH  + 1+E xm=H"y+ 1"‘5 *%)"'Eu(k) (3.16)
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The solution to Equation 3.16 leads tRy, is possible through Conjudate Gradient
(CG) method for solving system of linear equations.

3.3.2.2 Phase Update

In the phase update step we re-write Equation 3.15 as follows:
2
Lx( ixm)=y H"m + KLj jk3 (3.17)

here 1 is the vector with all elements equald. The second term in Equation 3.17
maintains magnitude of estimated phase be equal to one. The optimization problem
is non-quadratic due to second term in the optimization function. Therefore an
iterative minimization is applied similar to adopted in Samadi, Cetin & Masnadi-
Shirazi (2011) using xed-point algorithm by converting the problem into solving
series of quadratic problems as de ned below:

H % & H N + 1 D= g~ Pyt exp(@): (3.18)

Equation 3.18 is a now a quadratic equation and can be solved using CG algorithm.
The stopping criteria is de ned based on k (1D (Mk,=k (Mg, to result in
estimated phase”. As a result of magnitude and phase update the overall estimated
re ectivity eld is given by x®*) =g=2, "

3.3.3 CSR-based prior problem formulation

The next logical step towards ADMM iterations is the solution to Equation 3.11,
which leads to prior estimation using CSR as de ned in Wohlberg (2015) but tai-
lored to our specic problem. There are three variants of CSR, as described by
Venkatakrishnan & Wohlberg (2019). The problem formulation for each variant
will be presented below, with the solution to CSC-1 provided for clarity.

3.3.3.1 CSR Variant-1

This is the basic de nition of CSR for Equation 3.10 is by representation of only

high frequency components of the re ectivity eld xﬂf;;l) = x%ﬂ) G (xﬁ'fﬂ)) for

prior incorporation. The loss function to minimize is de ned as:

2 2
X K X ‘
L (f p@)= 1 o~ p xGpD to @ x4y 4

p 2 P 2

X
2k pk, (3.19)
p
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3.3.3.2 CSR Variant-2

The second variant for Equation 3.11 is achieved by weighted sparse coe cients
| o= 1=(@] Xm;n)?, where 1=() denotes point-wise division. The loss function to
minimize is de ned as:

2 2
X K X ‘
L (f p@)= 1 o~ p xBp? to @ (D 400 4
p 2 p )

X
p

3.3.3.3 CSR Variant-3

The third variant is based on the reasoning that CSR representation is only suitable
for high frequency components. Therefore a more comprehensive representation
requires the inclusion of complete spectrum. To achieve this, an additional term is
introduced to penalize the gradient of the low-pass Itered components. The overall
loss function is then de ned as follows:

2

X
L (f pgiz2)= 1 Tp~ p+G2) xED +
p 2
2

X X
5 pdp~ pt G(z) x{D +yl0 4 zpk!p ok, (3.21)
2

3.3.4 Solution to CSR Optimization Problem

Given Equation 3.19 we can introduce splitting of variables and reformulate it as a
constraint problem:

2

X X
L ()= 17 @~ p Xpn' + 20 K pkyt
p ) p
y 2
5 O~ p X +u® 8 p= (3.22)
P 2
f"pg;f’\pg:aflrgr?inL () (3.23)
gf g
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The solution to Equation 3.23 as mentioned Wohlberg (2015) can achieved through
ADMM. Following are the ADMM iterations for the given problem:

2 2
X X
L (f p9= 1 Gp~ p Xmn' *+5 G~ p xpu  +u® o+
P 2 2 p 2
X 2
5 o P O , (3.24)
p
f gty =argf:]minL Y (3.25)
g
X X 2
L (f p9)= 2 ) K pky+ > . S+1) p+ F()I) ) (3.26)
f pg!™ =argminL (f pg) (3.27)
fg
1+1) — I 1+1 1+1
= My (D (1) (3.28)

The solution to Equation 3.27 is via soft-thresholding / shrinkage given by:

f IDg(|+1) S - 3”’* F()I) . where (3.29)

o=
The solution to Equation 3.25 requires transformation to DFT domain to convert
convolution to multiplication as de ned in Wohlberg (2015). It can be established
that Equation 3.24 can be rewritten in Fourier domain represented ds, according
to the following:

2

2
k+1 k+1
La (A )=F(L (f p@)= 1 DA X\ ¥ 5 DA XED +u® s

2
Q) (I

A B+

2 2

(3.31)

hereD =[Do;D1; ;Dp 1], Dp=F(dp), Xmh=F(Xmn), A =[Ao;A1; ;Ap 1]),
Ap=F( p),B =[Bo;B1; ;Bp 1]),Bp=F(p), =[ 0o 15 ; p 1) p=
F( p), and U = F(u). The solution to Equation 3.31 is from rst principles with
gradient equals to zero, the resultant equation is of the form:

+- DD+ A = +- pHx®&D  _pHy+_- O O
1+ 5 DD+ 1+ DHXGEY opMus o B
(3.32)

Equation 3.32 forms the system of linear equations and can be solved iteratively
using CG algorithm. The estimated solution is then inversely transformed to return
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(a) (b)
Figure 3.1 Synthetic dataset with each image f&@4 64 size with (a) training images
with 16 scenes (b) testing images with 9 scenes

F XA )=[ o 1 ; p 1]=f pg!"*Y. The stopping criteria for ADMM itera-
tions are ki gD f  ,gWk=kf pgl*Vk. The estimated convolutional coef-

: . P
cients f ,g(*D = f pg*D can now be used for prior CSR estimate ,d, 5.

3.4 Experimentation & Results

We demonstrate the marginal performance gain on synthetic SAR scenes by compar-
ing our reconstruction results with those of existing KSVD dictionary-based prior
and PRE-based prior incorporated SAR imaging algorithms.

3.4.1 Synthetic Scene Dataset

The experiments are conducted using a synthetic dataset consistingl@&images for
training and 9 images for testing, each with a resolution 064 64 pixels. These
synthetic scenes are designed to feature complex shapes, point targets, large uniform
regions, and structures of various sizes. In real SAR scenes, obtaining the true
re ectivity eld would require in nite bandwidth and aperture, which is practically
impossible. Therefore, the synthetic scenes are crafted to include as many realistic
features as possible. Figures 3.1a and 3.1b show the training and testing synthetic
scenes, respectively.
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3.4.2 Algorithm Initialization Parameters

The primary aim of the experiments in this section is to compare image reconstruc-
tion using a CSC-based prior withk-SVD and PRE based priors, all evaluated at
their optimal performance parameter settings. The parameter settings for each of
these algorithms are de ned in the subsequent sections.

3.4.2.1 SAR Model Parameters

The synthetic SAR images are assumed to represent the magnitudes of re ectivity
eld xm, hence, phase assumed to be uniformly random distributed 2 [ ; ]
across the complete re ectivity eld. The data selection matrixP is considered to
be 2D-rectangular with data-availability represented as percentages, wheréo 2
f95,75509. The noise is modeled as circular additive white Gaussian complex-
valued noise (AWGN) with standard deviation ,, added in the phase history domain
to achieve a xed Signal-to-Noise Ratio (SNR) oB80dB.

3.4.2.2 Parameters for PRE-Prior Based SAR Reconstruction

In reference to algorithm built in section 3.1, PRE-based prior SAR reconstruction
includes 1; 2, andp. The value ofp=0:9. While i, and » are chosen to achieve
the best reconstruction performance based on SNR. In most of the cases=0:9
for point enhancement and > = 0:1 for region enhancement.

3.4.2.3 Parameters for k-SVD-Prior Based SAR Reconstruction

According to section 3.2, the KSVD parameters include patch based dictionary size
8 8 44land that controls the e ect of priorterm =1:6 ( )2:p “h) onto the
model. The sparsity controlling parameter is set ass=1.

3.4.2.4 Parameters for CSR-Prior Based SAR Reconstruction

The CSR-based SAR image reconstruction experiments are performed according to
section 3.3 consists of two major steps; CDL, CSR. The steps for CSR includes three
steps: model update, prior update and auxiliary variable updates that are necessary
for overall ADMM-based optimization algorithm.

CDL Parameters
The dictionary is learned on the high pass lItered components of the re ectivity
eld as explained in subsection 3.3.1, so the corresponding low pass Iter normalized
bandwidth is de ned by by = 1=7. There are four di erent size of convolutional Iters
ofsize2 2,4 4,8 8,and16 16all with number of lters P =128. The training
dataset ¢ consists of] =16. The sparsity inducing parameter =1.
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Magnitude Update Parameters

As explained in subsubsection 3.3.2.1, the prior incorporating parametef =0:1,

parameters for ADMM iteration is =50 +1, CG descent algorithm for solv-
ing system of linear equations tolerance is set th0 4. The model is iterated for
maximum of 10 cycles but in general it perform< iterations.

Phase Update Parameters

The parameter to control the magnitude of phase equalsis de ned by, =10 as

explained in subsubsection 3.3.2.2. The conjugate gradient CG maximum iterations

are 200and maximum iterations for phase update i400Q All tolerances are set to
=le 4

CSR Parameters

The input to CSC update is bifurcated to lowpass and highpass components with
by =1=7. The parameter that controls the sparsity of coe cients , =0:1. The
parameter that controls the balancing of auxiliary variable created for (the
sparse coe cients) in ADMM iterations, is set to a xed value of =50 s+1.
The overall tolerance is set tale 4 for ADMM iterations.

The parameters de ned for the rst ADMM iterations that iterates between prior
and model update by introducing an auxiliary variable with convergence parameter
=10 or 6. This controls the convergence rate and forces the algorithm to converge.

3.4.3 Convolutional Dictionary Learning (CDL)

The training dataset consist of16 synthetic 64 64 sized images with values of each
pixel rescaled betweer® 1. The dictionary was trained using highpass Itered
components of this training set of images withyy = 1=7. Multiple dictionary sizes
were learnt including2 2 128( 3.2a),4 4 128( 3.2b),8 8 128( 3.2¢),
16 16 128( 3.2d).

3.4.4 SAR Image Reconstruction Results

The performance comparison of the regularization based techniques is conducted on
the test dataset as shown in Figure 3.1b. The SAR image reconstruction experi-
ments are performed based on PRE, patch bas&dSVD dictionary and CSR-based
dictionary based priors. All of these prior used the same forward model for SAR
imaging phenomenon. The reconstructed scenes are compared statistically based on
SNR values.

Considering Figure 3.3 where (%) =50 data availability level with noise level 0f30
dB in phase history domain, it is observed thak-SVD based prior provides superior
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(a) (b)

() (d)
Figure 3.2 Dictionary (a)2 2 28(b)4 4 128(c)8 8 128(d) 16 16 128
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